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Remote Sensing of Remote Locations —

lce and Oceans

Examples from Centimeter to Continental Scale

— scaling problems
— surface roughness
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Measurements;(z), where; = 1,...,n, onz(x) are considere(
as a realization of a spatial random functib(r) for ze D with
the property that

(Z(x) — Z(x + h)) 2nd-order stationary random functian)

for fixed heR? such thatr, z + heD (intrinsic hypothesis)
Hence thgsemi-)variogram

y(h) = 5 El2(x) — Z(x + ) )

exists and is finitey measures the spatial continuity.




In practice, an experimental variogram is calculated fromatza
set:

n

S [2(wi) — 2(as + WP 3),

1=1

1

h)=—
v(h) = o
wherez(z;), z(z; + h) are samples taken at locations

x;, x; + heD respectively, where Is the number of pairs

separated bjieR>.
To detect a drift component,, calculate

m(h) = = 37 o) = 2z + b) ()

and the “residual” variogram




Variogram Models

linear variogram model with sill

total sill cy+c;=40

nugget effect ey=4

total sill cy+c;=40

nugget effect cy=4

50 60 70 80 90
range a=70

exponential variogram model

total sill cy+c;=40

nugget effect cy=4

40 50 60 70 80 90
quasi—range a=70

Gaussian variogram model

total sill cy+c;=40

nugget effect cy=4

60
quasi-ra




Kriging is a family name for least-squares-based estimsator
Zy = g + Z a; Z(x;) with o eR (6),
1=1
where weights are determined by a minimum variance crier
B[Z; — Zy)* minimal ! (7)

and with respect to unbiasedness conditibip&g; — 7| = 0.

The estimation variance Is (with = Zy — Z;)

varlso] = variZo] — 2 ) o COMZo, Zi] + Y oy o COV[Z;, Z]

©)
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Variogram models are key to finding a solution of t
Inverse problem that

* IS mathematically unique !!
* makes sense geologically !

.—p.1




Using the notation
Y0i — 7(370 — %)

Vij = V(@ — %)

fori,7 =1,...,n(9), minimization of the estimation variance
yields a matrix equation (ot conditions). The unbiasedness
conditions depend on the information available on the
expectation ot/ (z).

(a) SIMPLE KRIGING: In case the expectatioh$Z(x;)] are

known for all: = 1, ..., n, the minimization is constrained by
g = E[Z(z0)] = ) 0y E[Z(x;)] (10).
1=1

This - practically rare - case Is calle@hpie kriging
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Unknown but constant expectationZ £ = E|Z(x)] for all zeD
leads to the unbiasedness condition

Y =1, a;=0 (11).
1=1

OK Sytem

U WA I

i = | )
L U B

with \ a Lagrange parameter.
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In case of an underlying trend, the process is split:
Z(x) =m(x) + Y(x) (13)

into a deterministic drift component(z) and a residual rando
functionY (z) which is second order stationary and has zero
expectation and variogrant.

Drift:

k
m(x) = Zal filz) for keN' andqeR for I =1,...,k
=1
(14),
In practise, the functiong, are low-degree polynomials. Get
unbiasedness conditions:

ZO% filx;) = fi(xg) for I=1,....k (15),,
P R R R RRRRRBRBRRRRRRRRRRRRRRRRDRRRDIIDRRRSRS



For instance, for a linear drift
m(x) = a1x, + asw, (16)

the (universal) kriging systens

(’Yﬁ cor Yin 1 T xly\ /@1\ /’Ygl\

%;21 s ’Y:.Zn 1 Lnz  Lny An | = 7(;;7@ (17).
1 ... 1 0 0 0 A 1
Tne 0 0 0 Loy
\a:ly . Tpy O 0 0 \a2) \xoy)

The estimation variance i19{ = A, Ay = a1, andA3; = a»)

.—p.1

n k
s° = Z a; V" (5, To) + Z A1 fi(o) (18).
i=1 I=1




Let T'(x, h) denote the marine magnetic anomaly at locatipn

wherezeR* and at observation levél
Use upward/downward continuatidi{z, k) of T'(x,0) to a level

h, whereheR ™.
Consider a stochastic procebée, h) with

* -T(x,h) Gaussian
* T(x,h) stationary
* E[T(x,h)] =0

* T(x,h) harmonic

* the power spectral densit§y(k), of T'(x,0) can be
estimated, wher&eR? is the wavenumber.

Caress and Parker (1989)
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T(x,h) = / T(k,0) e 2mlkh=2mikz 20, — T(2 0) % ep(z) (1)

reR2

where
eh(x): / e—27r\lc|h—27rilmcd2aj (2)

reR2

is the earth filterand T'(k,0) denotes the Fourier transform
T(x,0), i.e. the magnetic anomaly at levklis the convolution o

the magnetic anomaly at levélith the earth filter associated

h. (Parker 1973)
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For observations df'(x, i) in locationsz; with noisec; for
7=1,....n,let

fi(k) = e~ >mHh=2mikes for keR? (3).
Define a scalar product:
<fg>= [ FOIE SrWER  f.9eSRY) (@),
keR?2

using the power spectral density- (k) of T'(x,0) and a norm

|fIl with || f[]* =< f, f >.
(S(R?) Hilbert space of bounded and integrable fctn&if).

.—p.1




The spectral estimate df'(x(,0) in a prediction pointxg,0) is

*(xo, 0 Zozj (z;,h) with ajeR, forj=1,... n

().

The estimation error at, IS

e(xg) = T (x9,0)—=T"(20,0) = T (20,0 Zoz] (24,0) * ep(z;)

©F
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Determine the optimal weights, for 7 = 1,...,n by
minimization of the error variance. The variance of a preces
being the integral of its power spectral density in the
wave-number-domain (Parseval’s Theorem), we get

var(e) = / Sp(k) |1 =) aye ?mHh=2mikes| g2 (7)

keR?2 =1

Get weights from:

V=I1-) afil>*+> ajo; (8).
j=1 j=1
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The PSD is positive and hence the mx positive definite, so tF
spectral estimation system has unique solutien . . . , «, ):

Hf1H2_|_O-% o < Ju, fa > q < f1,1>
< fo,f1> ... |fallF+02 QU < fn, 1>
(SES)(9).

The estimation variance
V=17P=> o < f;,1> (10),
j=1

depends on the power spectral density only.
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Scalar products for a Hilbert space setting of estimatiothous:
(1) Using the variogram

(Z(x3), Z(x5)) = (i, z5) (48)
(2) Using PSD:

< fg> / F(R) R Se(k) Pk, f.geS(R?)  (4),

keR 2

To simplify the analogy, let

(T'(24,0),T(xp,0)) = cov(T(x4,0),T(xp,0)) (4),

so the distance becomes the variance of the difference qirt

cesses (by use of the Wiener-Kinchin-theorem).
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Z{)k — Oé()‘l—ZOéiZ(fEi)

an § Oé] ija

are minimum-distance solutions in the sense of the prgecti
theorem:Z* andT™* (respectively) are characterized by

(aiy )i=1....n SOIN of Kriging system<—- || Z, — Z;|| min

(ajy)j=1....n SOIN of SES system—> ||T'(z,0) — 1" (z,0)|| min

Note that for (UK) the solution is searched in a submanifal

a subspace, because of the unbiasedness conditions.

.—p.2




Recent Rapid Changes of the
Cryosphere

« Glaciers in most mountain ranges retreat

« Antarctic and Greenland Ice Sheets lose eleve
« Qutlet glaciers of ice sheets accelerate and re
* Northern Antarctic ice shelves break up

o Arctic sea-ice cover reaches record lows In
coverage

.—p.2




Approach

Understanding Environmental Change
through Spatial Statistical Analysis

of Remote-Sensing Data




Satellite Altimetry

« Geophysical measurement of surface elevatio
from satellite, using active microwave radar
technology or laser technology

(1) SEASAT (1978)

(2) GEOSAT (1985-1989)
(3) ERS-1 (1991-1996)
(4) ERS-2 (since 1995)
(5) TOPEX/POSEIDON
(6) JASON-1/2

(7) ENVISAT (since 2002)

ICESat: GLAS (since 2003)

.—p.2



Processing of Altimeter Data
1. “Retracking", identification of ground position
for returns

2. Transformation of waveform data record Iinto I
data records

Correction for atmospheric effects
Correction for solid Earth tides

. Slope correction of the ice surface
Correction for water vapor
Referencing to GEM-T2 satellite orbits

Resulting in elevations in meters above the
WGS-84 ellipsoid

(Example: ERS-1 data processing by Ice Sheet Altimetry @rou
NASA Goddard Space Flight Center, J. Zwally, J. DiMarzio andorkers)

co = e GRS
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GEOSAT ERM Ground Tracks
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Surface Elevation of Lambert
Glacier/Amery Ice Shelf System

LAMBERT GLACIER AND AMERY ICE SHELF— SEASAT DATA

GEM T2-refd., slope correct ssian variog., seasatamlj.dtm, GEM T2-refd., slope corrected,
930702 930729

Comparison of SEASAT (1978) and Geosat (1987-1989) dat
using geostatistical evaluation indicates growth of icean:

* Increase of surface elevation

* advance of grounding line by 400 m/yr pa2




Lambert Glacier — ERS1 DATA, 1995
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Lambert Glacier — ERS1 DATA, 1995
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Topography and Flowlines of Lambert
Glacier/Amery Ice Shelf System

East UTM (km)

Elevation:

1997 ERS-2 data
(1 Aug—31 Oct 1997),
geostatistical analysis
(Herzfeld et al.)
Surface Structure:
1997 RADARSAT
data (RADARMAP
1st Antarctic mission,
2 Sept- 20 Oct 1997,
Mosaic Jezek et al.,
125m pixels)

Data integration and
geo-referencing:
Stosius and Herzfeld
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Topics In Marine Research

« Marine Primary Production — Nutrient Cycles
* El Nino Southern Oscillation

» Discovery of the Antarctic Continental Margin
« Geologic History of the Seafloor

« Marine Geophysics

« Survey of the Gravity Field

« Seafloor Topography and Altimetry of the Sea
Surface

.= Pp-3




HYDROSWEEP bathymetric data collected during
cruise EW9208 with R/V Maurice Ewing,
Lamont-Doherty Geological Observatory,

14 July-18 Aug 1992

Chief Scientists: B. Tucholke, M. Kleinrock, WHOI;
Funding: ONR Acoustic Reverberation Special ResearcleBr,dpl: J. Orcutt, SIO

.= Pp-3




Objectives

Establish
a unigue quantitative description of each surfa
type
(2) Classification/Assign a given object to a surfac
class, using the characterization

(3) SegmentationCreate a thematic map (a geolot
map) by applying the classification operator in
moving window

.= Pp.3




Geostatistical Classification

(1) Select a window In the study area
(2) Calculate vario function(s) for data in the wind
(3) Filter the function in (2) [optional]

(4) Calculate vario parameters (geostatistical
classification parameters) from (2) or (3)

(5) Compose a feature vector of parameters

(6) Associate the surface in the window (1) to a cl
by
(a) deterministic algorithm
(b) connectionist association (neural net)

.= Pp-3




Typical Experimental Variograms

Synthetic surface with transitional structure

Surface with transitional structure

Surface with quasiregular structure




Geostatistical Classification
Parameters

significance parameters:
slope parameter:

L Ymax: — VYming

pl =

hminl I hma:cl

relative significance parameter:

p2 _ Ymax, — VYming
Ymazx,

pond— maximum vario value
mindist— distance to first min after first max

.= Pp-3

1 1
avgspac = — — Rin.




Parametemindist




Parametepl.:
significance of abyssal hill terrain (slope)




Parametep?2:
significance of abyssal hill terrain (relative size)

F
.




Parametergond andmindist
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— Realize new methodological components for spatial sirect
analysis
— Identify, characterize and classify forms from hiddemmiation in

(a) Undersampled situations
(b) Oversampled situations

Detect and quantify different forms of change in the cry@spland
attribute changes to glaciologic or sea-ice-morphogemetcesses

Present and analyze observations from new instrumentsafdous
on the role of ICESat GLAS data

.—p.4



(1.) What Is spatial surface
roughness?

 a derivative of (micro)topography
— characterization of spatial behavior

(2.) Why do we need surface
roughness?

* morphologic characteristics are captured in
surface roughness@tin absolute elevation)

» subscale information for satellite data

.—p.4




Niwot Ridge Snow Surface:
Winter Summer
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Bering Glacier, 1994, mature surge stage, Khittrov Hilleatkground



Jakobshavn Isbree Dralnage
Basin — Spring Ice Surface




Jakobshavn Isbree Drainage
Basin — Summer Ice Surface
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Calving Front of Jakobshavns Isbrae on 16 July 2005




3.) HOW dO we measure surrface
roughness? — The GRS !
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A UAV with laser profilometer
over Barrow




GRS Data — Greenland Ice Sheet
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4.) How 4o we analyze surface
roughness?
The analytically defined spatial derivative needs tc

calculated numerically from a data set.
One way to do this:

L 2(e) = 2(2)
LT—XT0 Lo — X

surface slope In a given location,

To characterize morphology, better use averages..

.—p.5




Definition of VVario Functions

V ={(z,2) withz = (21, z2)eD andz = z(z)} C R’

discrete-surface case or
V = {(z, z) with zeD andz = z(z)} C R*

discrete-profile case
Define thefirst-order vario functiony

n

> (@) = z(@i + 0]’

=l

_1
2

Ul(h)

with (x;, z(x;)), (x; + h, z(z; + h))eD andn the
number of pairs separated hy

.—p.5




Higher-Order Vario Functions

Thefirst-order vario-function seis
Vi={(h,vi(h))} = v(Vo)

Then: getl; from V; In the same way you
getV; from Vj. The second-order vario function Is
also calledvarvar function

Recursively, thevario function set of ordei + 1 Is
defined by

Vigr = Q(Vé)
for iEN().

.—p.5




GRS Data — Variogram

area4p, trackO1, annel 1=8, lag 0.1m, offset 25

10
distance [m]




lce Surface Roughness, Jakobshavn Isbrae Drainage Basin

Seasonal Comparison, Area 4 "RIDGES”

MICROTOP97, area4q.track04, channel 1-8, 50-110 m Variogram area4q.track04, channel 1-8, lag 0.2m, offset 10
120

Relative elevation [em]
Variogram [cm?]

80 8§ 10 12 14 16
Alongtrack distance [m] Distance [m]
Spring (May 1997) Simple Morphology
Ablation ridges with old snow

MICROTOP99, area4p.trackO1, channel 1-8, 0—60m Variogram area4p.trackO1, channel 1-8, lag 0.2m, offset 25

300

?]
N
o
o

Relative elevation [em]
Variogram [cm
o
)

o
o

i i i i
8 10 12 14 16
Alongtrack distance [m] Distance [m]

Summer (July 1999) Simple Morphology
Ablation ridges, molten out




Parameters
for complex morphology

Definep2-type parameterst2(-, -) as

Ymax; — f}/mz'nj

pt2(maz;, min;) =
Ymazx;

fore < 5.
With this notation, we define significance paramets
for the first few minima in the vario function:

p3 = pt2(maxy, mins)

pd = pt2(maxs, ming)
pb = pt2(maxs, mins)
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Feature vectors

Parameters are composed ifgature vectorson
which the classification Is based.

Selection of parameters depends on the applied
problem.

.—p.6




Winter

sastrugi

rougher

pond high

complexely shaped surface
large size range of features

min, = 2 m

avgspac often not defined
deriv high

narrow first max
significant first man

Characteristic Show Forms

Summer
SUN cups

smoother
pond low
regularly, evenly shaped surface
well-defined characteristic sizes

min, = 0.4-0.6 m

man, = 2.2-2.4 m

avgspac well defined
deriv low

min — mazx sequence with
regular multiples




(1)

(2)
©)

(4)

Derivation of mathematical relationship bt surfacegioness an
geostatistical characterization

Calculation of surface roughness from GRS measurements

Utilization of micrometeorological observations (PBR
Network Greenland; Mountain Research Station, Niwot Ridg

Calculation of energy available for melting
(with J. Box, M.Kuhn)

a factor of 2.6

.—p.6




MICROTOP 97 Team Boarding Sykorsky S61 in lllulissat
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May 2003
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North Icestream — ASTER Data

Jakobshavns Isbrae




ASTER Data Classification: Parameterpond

2000 4000 8000 8000
pond




Parameterpl

ASTER Data Classification

window 20, offset 1, direction N-S

.= p.7




ASTER Data Classification: Parameterp2

window 20, offset 1, direction N-S

.= p.7




Applications

« Monitor changes in front position (retreat!)

« Study morphogenetic processes (eg. location
melt features)

« Map deformation states and kinematic provinc
* Notice changes in ice-dynamic processes

.= p.7




Sea Ice In the Alaskan Arctic




Beaufort Sea, Ridge (March 2003) (J. Maslanik photo)



Rubbled Ice (March 2003) (J. Maslanik photo)




Snow-depth surveying on sea-ice ridge (March 2003)

(J. Maslanik photo)



SNOW Oon Sea lce
Depth Profiles: Beaufort Sea

Beaufort Sea, Snow on Seaice, Depth Profiles

Beaufort: Profiles (beaufortm.awk.dist.mod)

depth [cm]
NS O @
© o o o

o

7800 8000
UTM East(mod1000) [m]

Beaufort: Profiles (beaufortm.awk.dist.mod)

depth [cm]

8000 8200 8400 8600 8800
UTM East(mod1000) [m]

beaufort.profiles2.ps (20051118)
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SNOW Oon Sea lce
Depth Profiles: Elson Lagoon




Snow on Sea lce
1st-Order Vario Functions

Snow on Seaice, First—Order Vario Functions

Beaufort: Snow Survey 1st—Order Vario Function (mainline, unit lag 2m) beaufortm.2m.totvar

®

vario [em~

200
distance [m]

Elson: Snow Survey 1st—Order Varic Function (mainline, unit lag 2m) elsonm.2m.totvar

vario [cm~2]

200
distance [m]

Chukchi: Snow Survey lst—Order Vario Function (mainline, unit lag 2m) chukchim.2m.totvar

vario [em~2]

200 250 300 350
distance [m]

Chukchi: Snow Survey 1st—Order Vario Function (crossline, unit lag 5m) chukchic.5m.totvar

vario [cm~2]

200 350 400
distance [m]

all.var.vl.ps (20060306)




Beaufort Sea
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Beaufort Sea, Sno Seaice, Depth vs Latitude

71.366 71.368
latitude

Beaufort Sea, Snow on Seaice, Large—Scale Vario Study

Beaufort: Snow Survey Ist Order Vario Fctn (mainline, unit lag 5m) beaufortm.5m.totvar

400 800
distance [m]

Beaufort: Snow Survey 2nd Order Vario Fetn (mainline, unit lag 5m) beaufortm.5m.totvar.var

600

distance [m] beaufortm.5m.varios.slide ps (20041208)



parameter typetl(max;, min;)

ming minog minsg minag
maxi +0.27 +0.04 +0.10 +0.04
maxso +0.20 +0.18 +0.07
maxs +0.43 +0.08
maxy +0.42

parameter typ@t2(max;, min;)

ming minog mins minag
maxi +0.05 +0.03 +0.11 +0.10
maxso +0.07 +0.15 +0.13
maxs +0.14 +0.13
maxy +0.19

Chukchi Sea, Snow on Seaice, Large—Scale Vario Study (Segment 12—15)

Chukchi: Snow Survey Variograms (m, unit lag 5m, segment 1230—1500) chukchi.awk . mod2.12—15.5m.totvar
40 : : :
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chukchim.mod?.12—15.5m.vara.slide.ps (20041207)




min pt2 ptl
File mindist 2 3 4 pond pl p2 p3 p4 p5 p6 p7 p8 p9
beaufortm.5m.totvar.var 210 445 710 920 4873 5.4 0.356 -0.328 0.328 0.328 -1.3 8.8 8.8 0.659
beaufort.awk.75-81.5m.totvar.var 25 35 60 75 11195 5.0 0.092 -0.155 0.114 0.114 -2.8 8.2 8.2 0.087
beaufort.awk.82-85.5m.totvar.var 50 60 80 90 116795 117.4 0.511 0.496 0.061 0.496 814 37.6 814 0.021
elsonm.5m.totvar.var 70 85 95 140 779 0.0 0.004 0.029 0.031 0.031 0.0 0.1 0.1 0.024
elson.awk.14-35.5m.totvar.var 90 120 130 190 361 0.4 0.223 0.134 0.038 0.134 0.1 0.3 0.1 0.011
elson.awk.35-46.5m.totvar.var 125 260 405 535 668 2.7 0.654 0.776 0.767 0.776 1.0 24 1.0 0.513
elson.awk.46-52.5m.totvar.var 30 45 55 65 850 21 0.077 0.057 0.037 0.057 0.4 1.0 0.4 0.042
elson.awk.52-62.5m.totvar.var 80 95 130 145 2094 1.6 0.176 0.171 0.017 0.171 1.0 0.8 1.0 0.320
elson.awk.62-74.5m.totvar.var 55 85 120 135 81 0.0 0.038 -0.040 0.073 0.073 -0.0 0.3 0.3 0.393
chukchim.5m.totvar.var 30 45 65 100 137 0.0 0.015 -0.003 0.005 0.005 -0.0 0.0 0.0 0.099
chukchim.mod1.5m.totvar.var 25 35 90 100 87 0.0 0.026 -0.029 0.036 0.036 -0.0 0.1 0.1 0.014
chukchim.mod2.5m.totvar.var 30 (6]0] 90 100 227 0.0 0.019 0.077 0.146 0.146 0.0 0.1 (O 0.051
chukchi.awk.mod2.12-15.5m.totvar.var 145 200 260 340 273 0.8 0.335 0.436 0.183 0.436 0.5 0.3 0.5 0.083
chukchic.5m.totvar.var 45 65 80 100 163 0.3 0.131 0.109 0.122 0.122 0.1 0.5 0.5 0.033
beaufortm.2m.totvar.var 124 132 140 152 21090 12.8 0.012 0.013 0.010 0.013 2.8 3.7 2.8 0.038
beaufort.awk.75-81.2m.totvar.var 12 24 28 36 4277 0.6 0.015 -0.348 0.023 0.023 -3.6 2.6 2.6 0.003
beaufort.awk.82-85.2m.totvar.var 14 28 32 38 31824 16.7 0.033 -0.472 0.022 0.022 -29.4 16.8 16.8 0.063
elsonm.2m.totvar.var 28 40 44 50 1452 0.1 0.006 -0.185 0.037 0.037 -0.5 0.4 0.4 0.045
elson.awk.14-35.2m.totvar.var 28 38 46 50 1231 0.0 0.001 -0.064 0.041 0.041 -0.2 1.0 1.0 0.009
elson.awk.35-46.2m.totvar.var 12 16 34 44 1026 5.0 0.173 -0.054 0.015 0.015 -0.8 0.9 0.9 0.065
elson.awk.46-52.2m.totvar.var 10 16 24 28 1266 25.1 0.238 0.027 0.027 0.027 0.7 2.8 0.7 0.069
elson.awk.52-62.2m.totvar.var 14 18 24 5912 -17.3 0.285 0.119 0.274 0.274 14.5 -40.5 -40.5 0.169
elson.awk.62-74.2m.totvar.var 8 14 18 22 299 -1.9 0.304 0.141 0.248 0.248 1.7 -3.5 -3.5 0.308
chukchim.2m.totvar.var 14 22 30 181 -0.7 0.397 0.018 0.203 0.203 0.1 -0.3 -0.3 0.181
chukchim.mod2.2m.totvar.var 8 16 22 30 214 -1.3 0.481 0.117 0.255 0.255 0.3 -0.8 -0.8 0.249
chukchi.awk.mod2.12-15.2m.totvar.var 30 34 40 46 167 0.0 0.008 -0.014 0.002 0.002 -0.0 0.0 0.0 0.071
beaufortm.totvar.var 5 8 21 23 12868 27.3 0.157 -0.148 0.098 0.098 -6.4 21.5 21.5 0.001
beaufort.awk.75-81.1m.totvar.var 6 11 15 8650 25.2 0.078 0.078 0.026 0.078 6.3 3.9 6.3 0.187
beaufort.awk.82-85.1m.totvar.var 5 8 10 12 17112 243.8 0.222 -0.070 0.067 0.067 -19.1 84.6 84.6 0.250
elsonm.totvar.var 4 18 25 29 1187 -3.5 0.675 0.009 0.146 0.146 0.6 -1.9 -1.9 0.105
chukchim.totvar.var 4 12 291 -2.3 0.238 0.207 0.265 0.265 2.0 -2.8 -2.8 0.282
chukchim.mod2.1m.totvar.var 4 10 386 -5.6 0.278 0.350 0.318 0.350 7.1 -6.1 7.1 0.271
chukchi.awk.mod2.12-15.1m.totvar.var 6 10 12 94 0.1 0.008 -0.173 0.023 0.023 -0.6 0.3 0.3 0.026
chukchic.totvar.var 5 10 16 21 375 -37.5 0.582 0.485 0.489 0.489 46.8 -31.7 -31.7 0.336




Elson Lagoon Profile:
varvar functions

Flson Lagoon, Snow on Seaice, 2m 2nd—Order Varios of Segments (to 400m)

Elson: Snow Survey Varvars (unit lag 2m, segment1400—-3490) elson.awk.14—35.2m.totvar.var
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RObust search Tor hyperparams
INn complex geo-data sets

Determinebigmax the largest maximum in a group gimaxima:

Yoigmazx — max{’ymaxla SR 77maxg}
SaY, Veigmaz = JAMMAmaz,, SOMeke{l, ..., g}
hbigmaac — hmaxk

Then determin®igmin the smallest minimum in a group gfminima
following bigmax

Ybigmin — min{Vminka e 7’Vmink+g_1}
SaY, Vbigmin = gAMMamin,, SOMere{k,... . k+g—1}

hbigmin — hmaxr
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Important hyperparameters
Then:

ptl(bigmax, bigmin) = ptl(maxy, min,)

pt2(bigmax, bigmin) = pt2(maxy, min,)

Generalization: Determine allgmax; andbigmin,
analogously for a given groupsize

pt x (bigmax;, bigmin;) for +=1,2

Generalization: Determine the best groupsize
automatically

.—p.8




Application to Sea Ice

— only first one or two bigmin-bigmax sequences needed
— group size can be large (>20)

Stabillity criterion for optimum groupsize:
bigmaz-bigman Pair remains for 3 consecutive groupsizes (take 1st ¢

.—p.8




(1) A characterization of Arctic sea-ice provinces
near Point Barrow

(2) Influence of spatial surface roughness on pas:
microwave data (PSR)
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Segmentation of Elson Lagoon
Profile

Flson Lagoon, Snow on Seaice, 2m 2nd—Order Varios of Segments (to 400m)

Elson: Snow Survey Varvars (unit lag 2m, segment1400—-3490) elson.awk.14—35.2m.totvar.var
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[UTM-7000000]

North

Segmentation of Snow—Depth—on—Sea—Ice Profiles (Complexity)

9.2x105

9.18x10°

9.16x105

9.14x10%

9.12x105

5.88x105 5.92x105 5.96x105
East [UTM]

complexity of snow-depth structures: green-yellow-oehgown-red-purple-green
PSR data: 10.7 GHz H-Pol (red), 19 GHz H-Pol (green), 37 GH2aH(blue)






Conclusions

Passive microwave data may be affected by sr
depth and surface roughness, with dependence on

and quantified by geostatistical classification .-
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applied to derive measurement requirements
ICESat-2
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north (km UTM)

Pine Island Glacier — ERS—=1 Data, 1995
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north (km UTM)

Pine Island Glacier — GLAS Data
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Pine Island Glacier — GLAS (2003) minus ERS—1 (1995) [with ERS—1 contours]
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To assess the potential of a multi-beam channel tc
measure high-resolution topography, we need
Information onspatial subscale roughngsse surface
roughness at a resolution higher than that of GLA!
observations).

What is spatial surface roughness?

 a derivative of (micro)topography
— characterization of spatial behavior
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GRS Data

* datain 8 or 16 channels with
across-track resolution 0.2 m

* along-track resolution=0.1 m
* subcentimeter vertical accuracy

DEMs from GRS data
* 0.2m grids

* areas typically 25 m by 200 m to
200 m by 200 m

.—p.9




(1) Use GLAS DEMs as low-res boundary conditions

(2) Use GRS data (from Greenland) to derive spatial surfac
roughness parameters using vario functions

(3) Derive SIMSURF model parameters:
(a) scale breaks and their resolutions

(b) at every scale range:
(b.1) fractal dimension
(b.2) direction of anisotropy
(b.3) anisotropy factor

(4) Use SIMSUREF software (Herzfeld and Overbeck) to
generate ice surface

(5) Sample model data sets for SB and MB data
(6) Analyze model data sets

.—p.1C




(A) Data analysis part

(1) Calculate scale-dependent dimensions (a - Variogram
method, b - Fourier method, c¢ - Isarithm method)

(2) Determine homogeneity ranges of scale
(3) Determine anisotropies at each scale range
(B) Simulation part
(4)) Set up a simulation network, matching scale breaks

(5) Decide on scale ranges to interpolate versus ranges to
simulate

(6) Select interpolation method (Shephard, 4-pt)

(7) Select simulation method (conditional, unconditign@ing
Fourier filter method for uncond| simulation of
scale-dependent Fractional Brownian surfaces)

(8) Select a method to merge scales
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The box dimension (a similarity dimension) of a boundedS&t R"
IS defined as
log N5(F)

— log 9

()

(whereN;(F) is the smallest number of sets of diameter at naost
needed to coveF), if the lower and upper limes exist and coincide.
can be shown that the Hausdorff dimension is at most equbhEtbax
dimension. The box dimension is usually estimated by regraof
log Ns(F) versudog ¢ (box-counting method).

dimp(F) = limg_

The isarithm method is a similar method for surfaceRm it is fast but

requires gridded data.
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PROPOSITION 6 (on functions satisfying Hoelder conditions): Let
f :0,1] — R be a continuous function and , z2¢[0, 1].
(@) If there are:1, seR with ¢; > 0 and1l < s < 2 such that

f(z1) — f(22)] < 1|z — m2*7° (8)

for all 1, x2€[0, 1], then the Hausdorff measufé® (graph f) is finite
anddim g (graphf) < dimp(graphf) < s.

(b) If there arecs, dg, seR with co > 0 anddp > 0 and1 < s < 2 such
that the following condition holds:
For eachr; and0 < § < §p there is anc, with |1 — x5 < § and

f(z1) — fw2)| = c26°77 (9)

thens < dimp(graphf) < dimp(graphf).




PROPOSITION 8: Let f : R — R be a continuous function that
satisfies the conditions in (a) and (b) of Proposition 6 fersbhme
seR, and assume that the autocorrelation functigh) of f exists.
Letvy(h) denote the variogram of, then:

() = 2[C(0) — C(h)] = *h*~* (15)

with 5 < v2¢ < ¢q anddimp(graphf) = s.
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PROPOSITION 9 (Variogram method for estimation of box dimension
of graph of a real function): Let f : R — ‘R be a continuous and
self-affine function. Assume existence of the autocon@taunction
C of f. Then there is a real number> 0, such that

v(h) = C(0) — C(h) ~ c h*~** (22)

anddimp(graphf) = s.

Under the condition of Proposition 8 above, the box dimemsiiof
may be calculated according to

| Llog(v(h) ¢ 1. log(v(h))
dimp(graph f) = s 2 Tog(h) " log(h) 2h—0 log(h)

(23)

which may be estimated using linear regression.
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REMARK 10 (Variogram method for estimation of box dimension for
surfaces in R3): Let (z,y)eD C R?, f : D — R an (elevation)
function, andS = {(z,y, 2)|(x,y)eD andz = f(x,y)}. Let

d : R? — R denote distance according to the-norm. Assume
dimp(S) = dimp(S NT) + 1 for each intersectiofd # S N7 with a
plane7, and assume that the restricti|x~7 satisfies all the
conditions of Propositions 8 and 9 above.

Then the following approximations hold:

and

| L1 Tog(y(d(R)))
dimp(S) ~ 3 — 2 d(l;gr_{o log(d(h))

which may be estimated using linear regression.




The Wiener-Kinchine theorem states that the power-sgeddresity Is
the Fourier transform of the autocorrelation function:

C(h) = |2(»)]* = Esp[f](p) (32)

For two-dimensional functions, the Wiener-Kinchine thexar state:

that the power-spectral density is the Fourier transforrthefcovari-

ance function.
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PROPOSITION 11 (Fourier method for calculation of box dimension
for graph of a real function): Let f : R — ‘R be a continuous and
self-affine function, assume existence of the autocorogldtinctionC
of f. Let®(p) denote the Fourier transform ¢gfand Esp the
power-spectral density. If

Bsrlf)p) = [0(p)* ~ — forsomeseR,  (33)
then
. . 5—0
B~5—2dimp(graph f) and dimp(graph f) ~ ——. (34)

2
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Smallpine2 vs Tracks
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Objective: Investigate how well variability of surface géois
captured in SB and MB (8beam) observations

10 65 00 05 10 15 20 25 30 (A) 10 95 00 05 10 15 20 25 30 (B)
for MB data from Pinegl-Simul for SB data from Pinegl-Simul
DEM (max. slope 4.3 DEM (max. slope 2.9

10 0500 05 10 15 20 25 30 (C)
for entire Pinegl-Simul DEM.
(max. slope 4.9
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Sea lce

Two components in a complex surface:
(1) rough surface
(2) segmented by leads

Analysis Approach:

(1) surface elevation and roughness
(a) from GLAS data analysis
(b) from snow-layer thickness and spatial
roughness
(2) spatial distribution of leads
(a) lead distribution analysis (from Ron Kwok)
(b) lead distribution in SAR data

.—p.11



Simulation Approach:

(1) surface elevation and roughness

— create an unconditional simulation, using tl
SIMSURF software and fractal dimension,
anisotropy direction and factor from GLAS
data and snow-depth data

(2) spatial distribution of leads

— combine simsurf with lead distribution In
SAR data

.—p.11




(1) select sample data sets for several beam
configurations

(2) for each data set, calculate spatial statistical
classification parameters

.—p.11




L ead Patterns 1: En echelon

RADARSAT-1 SAR data (R110584186P380100al center.eps),
SHEBA experiment, 50 m resolution, image (40 Km)
processed by John Heinrichs -~ pA1




Lead Patterns 2:
2-D extensional and shear

RADARSAT-1 SAR data (R111507261P380160al center.eps),
SHEBA experiment, 50 m resolution, image (40 Km)

processed by John Heinrichs
s
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SAR data (R111507261P3S016cal_center.eps)
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SAR data (R111507261P3S016cal_center.eps)
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with 2-directional extensional kinematics paz



Questions?
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Algorithm V

r . 0 0 o > o Q
Variogram method to estimate box dimension of a surface in IR’

Let (z,y) € D C IR f: D — IR an (elevation) function, and
S={(z,y,2)|(z,y) € D and z = f(z,y)}.

Let d : IR? — IR denote distance according to Lo-Norm.

(1.) Calculate experimental variograms in distance (k) and direction («)

classes (for global variogram, set tolerance angle § = 180° ):

1

n(k) n(k) o .

=1 j=i+1

V(k) =

for all pairs (X;, X;) with d(X;, X;) € [k — 3.k
and s the size of the distance class,

X = (x5, v5), A\rj = (.,l'quyj) € D,

and X; — X; in direction class «,

arctan(X; — X;) € [a — j; o+ f;[ .

Calculate coefficient u from regression of
log(y(k)) vs log(k)
(3.) Estimate box dimension of § from

: 1
dimp(S) =3 — Su
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Algorithm F

. . . . " " . 9
Fourier method to estimate box dimension of a surface in IR°

The data describing the surface S are considered as contained in a rectangular

grid with N x N nodes and a grid spacing of = x =, after distance scaling.

Let f... = f(2,.,yn) denote the value of f at grid node (z,,y,,), n.m =

(1.) Calculate two-dimensional Fourier coeflicients H,; (s, =0,..., N — 1)
using a discrete Fourier transformation
N—1N-1 ,
H;t — Z Z f’z ; sn4-tm)
S, J LT
n=0 m=0
Calculate the average two-dimensional power spectral density Esp ac-

cording to

FselflG) = X Hol?

s,t)ET;

with Z; = {(s,t)]j < r < j+ landr = s+ 12} and N; = |Z;| the

number of coefficients.

(3.) Calculate a regression coefficient w from regression of log F; vs logj

(E; = Esp[f](7))-

(4.) Estimate box dimension according to

dimg(S) = s
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Algorithm FL

[sarithm-type Fourier method to estimate box dimension

” 3 . @
of a surface in IR’
Use notation as for algorithm F. S denotes the surface.
(1.) For each n, n =0 N — 1, calculate one-dimensional Fourier coeffi-

cients according to

= r ,@j‘m
Hj.'n. — Z fm.'n.t wy

m=0

(2.) Calculate the one-dimensional power spectrum Fgp[f,] as

Esplfal(4) = |Hjnl®

(3.) For each n, calculate a regression coefficient w, from regression of

log Esp [f"/J (7) vs 1Ogj-

(4.) Estimate the box dimension of & according to

dimg(S) =1
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Algorithm FBS

Simulation of a fractional Brownian surface

with box dimension D

(1.) Generate a grid of N x N nodes with Gaussian random values f, ,, for

n,m=0,...,N—1, some N € IN :
fln,m) ~ N(0,1)

(2.) Calculate two-dimensional Fourier coefficients

N-1N-1

Hs,t — Z Z fn.."m. Fv

n=0 m=0
for all s,t =0,...

(3.) Filter Fourier coeflicients with 8 =7 — 2D :
Hs*f =

where r = inf( \/m) the radial frequency
and N, the number of coefficients H, ; with r < /52 4+ 12 < r + 1.

(4.) Apply two-dimensional inverse Fourier transformation:

f‘n. m
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Algorithm UCS

Unconditional simulation of scale-dependent surfaces merging
fractional Brownian surfaces of different scales, dimensions, and
anisotropic properties

(1.) Leti =1,B=1,7Z(n,m)=0forn,m=0,....,M—1and N = % with
M € IN, sby = M, and sb, the level of the first scale break.

Calculate B? fractional Brownian surfaces f*B+ forn.m =0,..., N and

n,m

dimension D = dim(z) = 3.5 — #l with 3 € [1, 3], using algorithm FBS.

Carry out backtransformation (step (4.) in FBS) using anisotropy factor

according to Equation (47).

) Merge new level grid with existing M x M grid:
77 (s sb;+m - sbipq.t-sb; +m - sbiyy)

= Z(s-sb; +n-sbjq,t-sb;+m-sbq)+ ‘v,-f'f’"BH

n,m

nm=0,....N; st B — 1; sb; scale break at level 1.

) Calculate the trend imposed by the grid of higher level using 4-point
method or Shepard method (including anisotropies, as in Equations (45)

and (46), respectively).
(5.) Add up results of (3.) and (4.).

S el o a e _ﬂ N — sb1
(6.) Sete=1+1, B = o N 75bi—1|-1.

IF i < number of scale GOTO (3.)
ELSE the surface is finished.
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